Liver tumor segmentation from computed tomography (CT) images is a critical and challenging task. Due to the fuzziness in the liver pixel range, the neighboring organs of the liver with the same intensity, high noise and large variance of tumors. The segmentation process is necessary for the detection, identification, and measurement of objects in CT images. We perform an extensive review of the CT liver segmentation literature. Furthermore, in this paper, an improved segmentation approach based on watershed algorithm, neutrosophic sets (NS), and fast fuzzy c-mean clustering algorithm (FFCM) for CT liver tumor segmentation is proposed. To increase the contrast of the liver CT images, the intensity values are adjusted and high frequencies are removed using histogram equalization and median filter approach. It is followed by transforming the CT image to NS domain, which is described using three subsets (percentage of truth T, the percentage of indeterminacy I, and percentage of falsity F). The obtained NS image is enhanced by adaptive threshold and morphological operators to focus on liver parenchyma. The enhanced NS image passed to a watershed algorithm for post-segmentation process and liver parenchyma is extracted using the connected component algorithm. Finally, the liver tumors are segmented from the segmented liver using fast fuzzy c-mean (FFCM). A quantitative analysis is carried out to evaluate segmentation results using six different indices. The results show that the overall accuracy offered by the employed neutrosophic sets is accurate, less time consuming, less sensitive to noise and performs better on non-uniform CT images.
Introduction
Liver tumors are the most common internal malignancies worldwide and also one of the leading death causes. Early detection, diagnosis and accurate staging of liver cancer is an important issue in radiography. In a CT scan, manual segmentation is tedious and prohibitively timeconsuming for a clinical setting. Automatic liver tumor segmentation is a very challenging task, due to various factors: liver stretch over 150 slices in a CT DICOM file, indefinite shape of the lesions, low-intensity contrast between lesions and similar to those of nearby tissues, irregularity in the liver shape and size between patients and the similarity with other organs make automatic liver segmentation very difficult [1] .
Several types of research have developed various algorithms for image segmentation that can be categorized based on the degree of automation (semi, interactive or fully). The most popular segmentation approaches are histogram-based methods, region-based methods, edgebased methods, model-based methods, watershed methods, fuzzy logic methods. As shown in Table 1 , each of these approaches has its advantages and disadvantages in terms of applicability, suitability, performance, and computational cost [2, 3] .
In some applications such as expert systems, we should consider not only the truth membership but also the falsity of membership and the indeterminacy of the two memberships. It is hard for the fuzzy set to solve such problems [4] . Neutrosophic logic (NL) is a generalization of fuzzy logic (FL) and carries more information than FL. NL introduces a new indeterminacy set due to unexpected hidden parameters in some propositions [5] .
Particularly, no one who did not consider the above characteristics of the abdominal CT image can meet desirable results in liver and tumor segmentation. Therefore, to address the above-mentioned problems, we proposed a fully automatic liver tumor segmentation approach from abdominal CT scans based on watershed, neutrosophic sets, and fast fuzzy c-mean.
The proposed approach is comprised of five phases. In the first phase, CT image is converted to gray-scale, contrast-enhanced using histogram equalization and noise removed by applying a median filter approach. In the second phase, the image is transformed to NS domain. Each pixel in NS belongs to either Truth or False or Indeterminate subsets. The image becomes more uniform, homogeneous, and more suitable for the segmentation process. In the third phase, morphological operators open and reconstruct are used to delete small objects and focus on liver parenchyma. In the fourth phase, the algorithm marks foreground and background objects from truth image based on neutrosophic set and watershed algorithm to segment CT images. Then the connected component algorithm is used to select and extract liver from abdominal CT. Finally, the segmented liver passed to fast fuzzy c-mean clustering algorithm to segment and detect tumors.
The remainder of this paper is ordered as follows. Section 2 explains the related work. Section 3 explains the methodology of the proposed approach. In Section 4, the segmentation approach based on the new Neutrosophic set, Watershed algorithm and Fast-fuzzy c-means is proposed. The experimental results and analysis with details of the datasets are discussed in Section 5. Finally, conclusion and future work are discussed in Section 6.
State of the art
Nowadays several works have been proposed at the state of the art, which effectively solve the problems of liver tumor segmentation from abdominal CT scans. They can be broadly grouped into two approaches, (1) direct approaches that segments tumor alone and (2) indirect approaches that segment liver first and then segment tumor from it.
Direct approaches, Moltz et al. in [6] proposed a hybrid method for tumor segmentation. It performs a coarse segmentation by adaptive thresholding based on a gray value and removes structures adjacent to the tumor by model-based morphological processing. The method requires the user to specify the center of the region of interest (ROI). Wong et al. in [7] proposed a semi-automatic method based on region growing with knowledge-based constraints to segment tumors from CT slices. Knowledge-based constraints are introduced to ensure that the size and the shape of the region grown lies within acceptable parameters. The method requires an ROI was determined manually by selecting two points on the CT image prior to region growing. Li et al. [8] proposed an integrated method with FCM and level set method for liver tumor segmentation. The initial segmentations obtained by FCM and the fine delineation obtained with level set method were interfaced by morphological operations. The limitation of this method is that the level set method requires high processing time. Smeets et al. in [9] used the level set function for tumor segmentation. The algorithm is initialized by a spiral scanning technique based on the seed point placed inside the tumor. The level set evolves according to a speed image obtained by statistical pixel classification with supervised training. The algorithm requires the user to select a point at the center of the tumor and to specify a maximal radius by placing a point in the surrounding liver tissue. Moghe et al. in [10] proposed an automatic threshold-based liver tumor segmentation method from CT images. The method uses a lower threshold and a higher threshold; that was determined from statistical moments and texture measures, however, the selection of threshold values is difficult in this method.
All methods in the direct approach need for user intervention to support the segmentation process. This intervention is not desirable for the automatic segmentation of tumor. As regards indirect approaches, the tumor segmentation starts with segmenting the liver first from CT images. Segmentation of tumor from the segmented liver simplifies the segmentation problem by decreasing the computational time and decreasing the number of possible external organs during the segmentation process.
For liver segmentation, Nural and Hans in [11] proposed approach depend on integration of morphology and graph-based techniques for liver segmentation. It uses anisotropic diffusion, adaptive threshold based on prior knowledge and connected component algorithm to segment tumors from the segmented liver. While, Kumar et al. in [12] , proposed an approach for automatic and effective segmentation of liver lesion from CT images. The method uses confidence connected region growing for automatic segmentation of liver and alternative fuzzy cmeans clustering for lesion segmentation. The algorithm applied on 10 cases of abdominal CT scans.
Badura and Pietka in [13] , proposed a semi-automated method for segmentation of liver in CT, the proposed system consists of the threedimensional anisotropic diffusion filtering and the adaptive region growing, supported by the fuzzy inference system. The system has been evaluated using 17 abdominal CT scans yielding 77% effectiveness.
Lim et al. in [14] , proposed an unsupervised liver segmentation algorithm with three steps. In the pre-processing, the CT image is simplified by estimating the liver position using a prior knowledge and performing multi-level threshold on the estimated liver position. The proposed scheme utilizes the multi-scale morphological filter recursively with region-labeling and clustering to detect the search range for deformable contouring. In order to perform an accurate segmentation, the gradient label map is produced. Experimental results are compared with manually segmented images by a radiologist and shown to be efficient. Huang et al. in [15] proposed hybrid approach for automatic liver segmentation. At first liver intensity range is detected based on prior knowledge of liver volume. Then ROI is extracted using atlasbased affine and non-rigid registration. At the last step, to achieve more accurate segmentation, major liver tumors are detected using a gray level and distance prior knowledge, and then a modified diffeomorphic demons registration with shape constraint is applied. Results show that the proposed approach can be a potential tool in clinical application.
Jeongjin et al. in [16] proposed two steps seeded region growing (SRG) onto level-set speed images to define an approximate initial liver boundary. The first SRG efficiently divides the CT image into a set of discrete objects based on the gradient information and connectivity. The second SRG detects the objects belonging to the liver based on dimensional shape propagation. Experimental results show that the proposed system fast, converge to the optimal position and accurate for liver volume segmentation. Ruchaneewan et al. in [17] proposed approach consists of four stages: in the first stage, an intensity-based is applied to obtain soft tissue. In the second stage, a region-based texture classification is used to classify all the soft tissue regions. During the third stage, an initial region of the liver for each patient is determined from the probability images. In the final fourth stage, a 95% confidence interval determined from the intensities of the initial regions is used to detect the liver region.
Campadelli et al. in [18] proposed fully automatic liver segmentation and reviewed different liver segmentation techniques in [19] . They described their method as a low computational cost gray-level based technique where no data samples are needed. Furthermore, all employed parameters are not crucial. Some parameters are based on anatomical information, while the rest of the parameters have been guided by reasoning. The method implementation starts with the heart volume segmentation based on a priory anatomical knowledge. Then, five labeled partitions of the abdominal volume are selected. These partitions are used to calculate a set of parameters to create the edge map to detect the image details. All the information and parameters are employed with the region growing algorithm to segment the abdomen organs based on the assumption that the gray levels for each organ follow a Gaussian distribution. Lu et al. in [20] , proposed automated liver segmentation based on support vector machine (SVM) and texture description. 28 liver CT dataset is used in experiments. Images Segmentation process started with texture classification. The wavelet transform is used to drive input to support vector machine which classified pixels in the liver and nonliver region. The segmented liver is still not smoothed and still need some improvement. For the refinement of results authors used region growing method. For refining holes and broken areas within the liver, dilation is used. Misclassified pixels outside the liver are removed by erosion.
Kaur et al. in [21] , proposed enhanced K-means clustering algorithm for liver image segmentation. 20 liver CT dataset are used with resolution 512 × 512. K-means divides given CT image to a number of clusters. In K-means process, K-centroids are defined one for each cluster. The main drawback is that attached organs are not removed properly. So morphological opening-by-reconstruction is used to improve the performance. The proposed method compared with region growing and showed that enhanced K-means provides better results than region growing.
Zhao et al. in [22] , proposed new liver image segmentation algorithm combining fuzzy C-means and multi-layer perceptron. The dataset contains 40 slices for 10 patients are used with resolution 320 × 320. Threshold method is used for enhancing the quality of image. Fuzzy c-mean clustering and morphological reconstruction filter are used to delineate initial liver boundary. This segmented image is used to train a multilayer perceptron neural network. The process is repeated until all the slices images have been segmented.
For liver tumor segmentation. Hame in [23] proposed a method to segment tumors in two stages. The liver is segmented using simple thresholding and morphological operations, from which a rough segmentation of tumors is obtained. The rough segmentation result is refined using a fuzzy clustering approach and the final tumor segmentation is obtained by fitting a geometric deformable model, based on the membership function generated by the clustering. Ciecholewski and Ogiela in [24] proposed contour modeling to segment the liver from CT images. The resulting image was enhanced by histogram transformation to find lesions.
Taieb et al. in [25] proposed a method to segment liver and tumors from abdominal CT images. The method repeatedly applies multi-resolution, multi-class smoothed Bayesian classification followed by morphological adjustment and active contours refinement for segmentation. Intensity distribution function for liver and tumor are computed using multiclass and pixel neighborhood information. Initially, rectangular region around a manually selected seed inside the liver and additional seeds inside the liver tumors are computed and interpreted as the parameters of the liver and tumor classes.
Zhang et al. in [26] proposed an interactive method for liver tumor segmentation from CT images. The liver was segmented first using preprocessing operations and then watershed transform was employed to partition the CT volume into the large number of catchment basins. Then, the tumors were extracted from the segmented liver by training a support vector machine (SVM) classifier based on the user selected seed points. The corresponding features for training and prediction were computed using the small regions extracted by the watershed transform. This method requires manual selection of seed points. Patil et al. in [27] proposed approach to segment tumors in the two-level operations. First level Segmentation of liver is performed by using two methods of adaptive threshold with morphological operations and global threshold with morphological operations. Second level tumor Segmentation, three methods were used in that level adaptive threshold with morphological operations, Fuzzy C Mean Clustering and Region Growing. The proposed approach compares and selects the best of all and produces the final result. It is improving the accuracy of the segmentation for distinct quality and category of CT images. Kumar and Moni in [28] used adaptive threshold and morphological processing for liver segmentation. Each suspicious tumor region was automatically extracted from the segmented liver using the fuzzy c-mean technique. Also, neural network is used to identify normal liver and abnormal liver region in [29] , 10 liver CT scans with resolution 512 × 512 are used, a histogram equalization is used to increase the quality and contrast of images. In the feature extraction step, five set of features are extracted using statistically based features, intensity based approach, morphological based features, frequency domain based and wavelet domain based features. Principal component analysis (PCA) is used for feature selection. A feed-forward multi-layer perceptron is trained using back propagation algorithm for the selected features to take the decision.
Most of these methods are time-consuming and do not respond identically to different patients. They usually produce over segmentation and also give unsatisfied results for the slices with fuzzy liver boundary. The tumor segmentation is inaccurate for different volume and shapes. In this paper, an automatic and effective algorithm that segments liver and tumors from CT scans is proposed using a hybrid segmentation approach based on neutrosophic sets, watershed algorithm, and fast fuzzy c-means.
Preliminaries
This section provides a brief explanation of liver CT imaging technology, Pre-processing, morphological operator, watershed algorithm, and neutrosophic sets along with some of the key basic concepts. A more comprehensive review can be found in sources such as [30] [31] [32] [33] .
Neutrosophic sets (NS)
Neutrosophy is a branch of philosophy, introduced by Florentin in 1995, which includes four fields: philosophy, logic, set theory, and probability. Neutrosophic set and its properties are discussed briefly in [5] . The problems which cannot be solved by FL, the NL can solve it. NS studies the neutrosophic logical values of the propositions that represented by subsets (truth (T), indeterminacy (I), and falsity (F)) [32] .
Definition 1 (Neutrosophic set). define T, I, and F as neutrosophic components. Let T, I, and F be standard or non-standard real subsets of]
[. An element A(T, I, F) belongs to the set in the following way: it is t true (t ∈ T), i indeterminate (i ∈ I), and f false (f ∈ F), where t, i, and f are real numbers [33] .
In order to apply neutrosophy, an image needs to be transferred to a neutrosophic domain P NS . A pixel in the neutrosophic domain can be represented as T, I, and F meaning the pixel is t% true, i% indeterminate, and f% false, where t varies in T, i varies in I, and f varies in F, respectively. In a neutrosophic set, 0 ≤ t, i, f ≤ 1. However, in a classical set, i = 0, t and f are either 0 or 1 and in a fuzzy set, i = 0, 0 ≤ t, f ≤ 1 [30] . The pixel P(i, j) in the image domain is transformed into neutrosophic domain P NS (i, j) which is represented by T(i, j), I(i, j), F(i, j) and calculated as follow: where g i j ( , ) is the local mean value of the pixels of the window size, and Ho(i, j) is the homogeneity value of T at (i, j), which is described by the absolute value of difference between intensity g(i, j) and its local mean value g i j ( , ) . ḡ min and ḡ max are the first and last peaks respectively, calculated from the peaks greater than the mean of local maxima of image histogram. While Hō min and Hō max are the first and last peaks respectively, calculated from the homogeneity image using peaks greater than the mean of local maxima.
After the image is transformed to NS domain, some concepts and operations in the neutrosophic domain are defined and employed. Entropy is utilized to evaluate the distribution of different gray level in abdominal CT images.
Definition 2 (Neutrosophy image entropy). Image entropy is defined by summation of the three subsets entropies I, F, and T. [33] . If entropy is maximum, the different intensities have equal probability and the intensities distribute uniformly. If the entropy is small, the intensities have different probabilities and their distributions are non-uniform. 
where En I , En T and En F are the entropy of subsets T, I and F, respectively. P i ( )
, and P i ( ) I are the probabilities of element i in T, I and F. En I is employed to evaluate distribution of indeterminacy, and En T and En F are utilized to measure the distribution of the elements in NS.
Watershed algorithm
Separating liver parenchyma from abdominal CT image is one of the more difficult processing operations. The watershed algorithm is often applied to this problem. Watershed image segmentation can be regarded as an image in three dimensions (two spatial coordinates versus intensity) [1] . We will use three types of the points which are minimum, catchment basin, and watershed line to express a topographic interpretation. Watershed algorithm has an advantage that it is fast speed, while a disadvantage of this algorithm is over-segmentation results. To solve this problem used marker-controlled for watershed segmentation. The watershed marker finds "catchment basins" and "watershed ridge lines". The segmentation using watershed marker works better if you can identify, or "mark," foregrounds objects and background locations.
Fast fuzzy c-mean algorithm (FFCM)
Fuzzy c-mean (FCM) is an unsupervised learning and a very common technique for statistical data analysis used in many fields, due to its overall performance. FCM is a generalization of the hard clustering scheme, also known as soft clustering, data elements can belong to more than one cluster which is determined by the degree of membership of the element in the corresponding cluster. FCM adopts fuzzy partitions of given data between 0 and 1 to determine the degree of its belonging to a group. To segment N-dimensional CT liver grayscaling image into c classes using a memory efficient implementation of the fuzzy c-means clustering algorithm named fast fuzzy c-means (FFCM). The computational efficiency is achieved by using the histogram of the image intensities during the clustering process instead of the raw image data. For more details in [34, 35] .
Proposed segmentation approach
Hybrid segmentation approach based on watershed algorithm, neutrosophic sets, and fast fuzzy c-means is proposed. The reason to do these integrations was that each technique as such has problems, which the other does not have. In general, the automatic hybrid CT liver segmentation approach introduced in this paper is composed of five phases as shown in Fig. 1 and the proposed approach steps are Apply median filter with 3 × 3 window to remove noise.
3:
Apply histogram equalization to enhance contrast.
4:
Convert each pixel of image to NS.
5:
Calculate local maximum of histogram g i j ( , ) and find first peak Hō min and last peak Hō max greater than local mean.
6:
T(i, j) calculated from local of mean window, g min , and g max .
7:
I(i, j) calculated from homogeneity of subset T and difference between g(i, j) and local mean value. 8:
Calculate F(i, j) = 1 − T(i, j).
9:
Apply entropy En NS to evaluate the indeterminacy in T, I, and F.
10:
En NS = En T + En I + En F .
11:
Apply adaptive threshold on NS image based on local mean intensity value.
12:
Apply morphological operators open, erosion, close, dilation and fill holes.
13:
Apply watershed algorithm using indeterminate and false subset images to control watershed. 14:
Extract largest connected component from segmented image.
15:
Apply FFCM on segmented liver to detect and segment tumors.
16:
Apply morphological operators to remove non-tumor regions.
1. Pre-processing. In this phase, CT image firstly converted to gray-scale level and resized to reduce computation time. The median filter is applied to remove noise from CT image and contrast enhanced using histogram equalization. Fig. 2 shows the pre-processing stage on different CT slices. The gray-scale image is enhanced, smoothed and the noise is removed using median filter approach with window size 3 × 3. The filter runs through each element of the image and replace each pixel with the median of its neighboring pixels located in a square neighborhood around the evaluated pixel. Histogram equalization is used as seen in Eq. (10) to modify the dynamic range of the intensity values and increase the CT contrast without affecting the structure of the information contained therein.
cdf cumulative distribution function for unique pixel value v and L is the number of grey levels used of image of size m × n.
CT image transformation to NS domain. Each pixel in the CT image
will be converted to NS domain. That is mean each pixel will belong to either truth or false or indeterminate subsets in NS domain.
Where indeterminate subset I represent foreground of the image, Truth subset T represent objects and finally False subset F represent the background of the image. After NS applied the truth subset image becomes more uniform and homogeneous, and more suitable for the segmentation process. Fig. 3 shows the results of the proposed approach based on neutrosophic sets for liver CT image segmentation on different patient's slices. In Fig. 3(b) pre-processing median filter approach is used to clear noise. In Fig. 3 (c) contrast is enhanced using histogram equalization. The enhanced image is transformed to a false domain object as seen in Fig. 3(d) . Fig. 3(e) shows the true domain objects. Fig. 3(f) shows the indeterminate domain objects. From the obtained results, the proposed NS approach is less sensitive to noise, gives clear noise and well-connected boundaries. 3. Post-processing. After liver CT images are converted to the neutrosophic domain, adaptive threshold based on local mean intensity value of the true image is used. Then, some morphological operators like open, erosion, close, dilation and fill holes are used to remove small objects and focus on liver parenchyma. After CT image is converted to the neutrosophic domain, adaptive threshold based on local mean intensity value of truth NS image is used. Fig. 4 shows the morphological operations open, close, reconstruct with shape and size of the structuring element (SE) that used to shrink and to remove small objects and extract liver from abdominal CT. The experimental results show that the best shape is diamond with SE size value 4. 4. Liver parenchyma segmentation. In this phase, the watershed algorithm is used to segment images. First control and mark foreground and background from NS image using subsets I for foreground objects and F for the background objects. Then watershed algorithm is applied to segment true images. After that the maximum region of interest (ROI) was selected to extract liver from abdominal CT using connected component algorithm. Fig. 5 shows the results of the watershed algorithm. It works on three images truth image after enhancement from previous steps, 
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indeterminate subset, and False subset images. The Indeterminate and false images used as control marker for watershed. After that the maximum region of interest (ROI) selected and extracted from abdominal CT using connected component algorithm (CCL). 5. Tumors segmentation and extraction. In this phase, fast fuzzy c-means algorithm is applied on segmented liver parenchyma to detect and segment tumors from liver. Morphological operators are used to remover small objects which not represent tumors from liver. Fig. 6 shows the segmentation of liver tumors (benign and malignant) using memory efficient implementation of the FCM called fast fuzzy c-means algorithm (FFCM). The proposed FFCM provides excellent results for tumor clustering and segmentation without any loss of tumor detection with high accuracy. Also false positive regions that affect system performance are reduced.
Experimental results and discussion

Description of CT liver data set and computer setting
The proposed approach will be applied on a complex dataset. The dataset contains more than 105 patients have CT for liver abdominal and more than one hundred fifty slices for each patients. All images are in JPEG format, extracted from a DICOM file with dimensions 630 × 630 and bit depth 24 bits [1] . In abdominal liver CT images, liver is connected to other tissues such as spleen, stomach, kidney, gallbladder, gastrointestinal tract, and spinal muscles. The intensity distribution is different between slices and the variation in intensities may cause the segmentation very hard and leak. Fig. 7 shows the overlap in abdominal CT axial section between the intensity of liver and other nearby tissues with strong connections with liver. The proposed approach is tested on difficult data set and the accuracy results compared with adaptive threshold, and Region growing algorithms. All algorithms are tested on the same data set. In all cases, the image segmentation approaches were programmed in MATLABR 2007 on a computer having Intel Core I7 and 8 GB of memory.
Performance measures
In order to verify the quality of CT image segmentation using the proposed approach and to compare it with other algorithms. A quantitative analysis is carried out using six indices: Jaccard Index [35] , dice coefficient [35] , entropy-based metric (E n ) [36] , partition coefficient (V pc ) [37] , and partition entropy (V pe ) [37] . These indices are calculated as follow:
Jaccard index is very popular and used as a similarity index for binary data asshowninthefollowingform.
OA is the area of overlap; A is binary image and B is ground truth image.
Dice coefficient is defined as follows:
The dice coefficient is commonly used to measure the performance of segmentation. Its values range between 0 and 1 which means 0 is no overlap and 1 is perfect agreement.
Correlation coefficient (CC) used to measure the similarity between the segmented imaged and ground truth in relation with their respective pixel intensity. CC is defined as follow.
where the subscript indices m and n refer to the pixel location in the image. Partition coefficient (V pc ) and partition entropy (V pe ) are two indices used to validate the fuzzy c-means clustering algorithm based on the elements of the membership matrix.
where
. The PC index indicates the average contents of pairs of fuzzy subsets in fuzzy partition by combining into a single number.
V pe measures the fuzziness of the cluster partition similar to the partition coefficient. An optimal clusters obtained by minimizing to produce the best clustering performance for the data. Entropy-based metric (E n ). Entropy used for measuring the uniformity of pixel characteristics within a segmentation region and for measuring the complexity of the division of the image into regions based on information theory. The entropy of every region j is defined as follows.
where V j is the set of all possible in region j, L j (m) is the number of pixels belonging to region j with feature m, and S j is the area of region j.
The expected region entropy of the CT image I and the expected entropy of the other regions is used to measure the uniformity within the regions of I as follows: The results of the proposed approach, adaptive threshold, and region growing for liver CT image segmentation using Jaccard Index, correlation, and dice coefficient. The entropy layout entropy is used to counteract the effects of oversegmenting and under-segmenting. layout entropy can be calculated as follow:
From these two factors entropy-based evaluation function is calculated E. The measure E yields smaller value for better segmentation and higher otherwise calculated as follow: 
Results and discussion
The proposed approach uses a novel concept of neutrosophic sets and adaptive watershed segmentation algorithm for automatic extract liver tumors from abdominal CT images. It obtains overall accuracy almost 95%. This result is better compared to adaptive threshold and region growing algorithm. Table 2 shows the comparison between the proposed approach, adaptive threshold [32] and region growing [38] for liver segmentation. In addition Fig. 8 shows the visual representation for the best similarity indices's in terms of Dice Coefficient, Jaccard Index, and Correlation. As can be seen, the proposed approach acts pretty and better accuracy for all measurements followed by adaptive threshold which select an individual threshold for each pixel based on the range of intensity values in its local neighborhood, this is make intensity histogram does not contain distinctive peaks. Also it is more sophisticated and accommodate changing lighting conditions in the image. The main drawback of this method is that, it is computational expensive and not appropriate for real-time applications. Absence of clear edges, definite shape of liver parenchyma and close connection between liver tissue and other organs will limit the liver parenchyma to segment and extract based on edge algorithm. Fig. 9 , proves our proposed approach for the noisy liver CT images. The results prove that, the proposed NS approach is not sensitive to noise and extract liver parenchyma from abdominal CT images without loss of information. Fig. 10 shows the results of using Watershed algorithm only to segment liver from abdominal CT. Fig. 11 shows the comparison between proposed neutrosophic sets and watershed approach with only watershed algorithm in terms of dice coefficient, Jaccard Index, correlation and true positive.
The best results for liver tumor detection and segmentation for different patients using the proposed approach can be seen in Fig. 12 .
The segmentation results show that, high accuracy obtained without any loss of information. Table 3 shows the validity clusters indices for the centroids selected automatically using the proposed approach. We can see from the partition coefficient index (V pc ) that the best clusters are selected from with high maximum values of V pc which indicate to the best and compact clusters. In the partition entropy validity Index (V pe ) the best and maximum values obtained from the proposed approach which indicates to the optimal clusters centroid obtained. The entropy based metric validity index (E n ) yields smaller value for effectiveness and better segmentation. From Table 3 , we can see that the best segmentation with smaller En is obtained from the proposed approach. From the analysis and quantitative evaluation we can see that the proposed approach is superior with good segmentation results and can help doctor to detect liver tumor. Table 4 shows the comparison between the proposed segmentation approach with other previous work on liver CT images. Moreover, characteristics of the works, datasets, and algorithms that are used for segmentation, and accuracy of segmentation are shown. As can be seen, the proposed approach acts pretty and better than other works on the same and different datasets with overall accuracy almost 95%. The same accuracy obtained from the proposed approach by Siri et al. [42] using the neutrosophic sets and Chan-Vese, followed by the approach proposed by Mostafa et al. in [46] using bio-inspired ant lion optimization algorithm and morphological operator, followed by the approach proposed by Anter et al. in [5] and Sayed et al. in [33] . From the comparisons, we can demonstrate that the neutrosophy can reduce over-segmentation, effective, robust, and it can handle uncertainty and indeterminacy in CT images.
Conclusion and future work
We proposed a hybrid segmentation approach using neutrosophic sets, watershed algorithm, and fast fuzzy c-means algorithm for automatic liver tumor segmentation from abdominal CT images. The experiments demonstrate that the proposed approach based on neutrosophy can handle indeterminacy and uncertainty better, reduce over-segmentation and has good accuracy and performance on nonuniform and noisy images. The overall accuracy obtained from the proposed approach almost 95% of good liver segmentation. This result can help for further diagnosis and treatment planning. In the future work, we plan to apply the proposed neutrosophy segmentation approach on a huge number of CT images to evaluate the performance. Table 4 Comparison between proposed approach with other existing work on liver segmentation. 
